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Abstract. Reinforcement learning for diffusion models primarily relies
on on-policy learning to optimize the model by using samples from its
own current policy. Despite offering a direct optimization signal, the
approach is fundamentally self-limiting and prone to reward overfitting
and mode collapse due to its myopic guidance. In this paper, we pro-
pose a new framework, namely DiffusionCompass, that breaks such lim-
itation by strategically integrating off-policy guidance. DiffusionCom-
pass establishes a dual learning objective: the model continues to ex-
plore reward maximization on-policy, while simultaneously being an-
chored by off-policy examples that define a stable quality benchmark.
That is achieved through a novel integration of several key techniques:
an off-policy objective with distribution-aware filtering to adaptively em-
phasize relevant anchors, a perceptual anchored reward mechanism to
mitigate reward hacking, and a reward renormalization strategy using
off-policy samples for a stable quality baseline. The dual regimes com-
plement each other: off-policy guidance prevents reward overfitting and
collapse, and on-policy exploration ensures the model does not merely
imitate a static dataset. Experiments across text-to-image/video gener-
ation demonstrate that DiffusionCompass achieves superior reward per-
formance while maintaining high sample diversity, shaping a robust and
effective path for fine-tuning generative models. Code is available at
https://github.com/HiDream-ai/DiffusionCompass.
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1 Introduction

The advent of large-scale diffusion models has revolutionized image and video
generation, enabling the synthesis of high-fidelity and diverse content from tex-
tual descriptions [3, 4, 6, 7, 11, 25, 31, 44, 46, 47, 54, 60, 61]. To further align these
generative models with complex, non-differentiable objectives such as human
preference or specific aesthetic criteria, reinforcement learning (RL) has emerged
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(a) Only on-policy samples.

0.0 0.2 0.4 0.6 0.8 1.0
Reward

On-policy
Distribution

High-quality
Off-policy Anchor

Low-quality
Off-policy Anchor

Positive On-policy Sample
Negative On-policy Sample
High-quality Off-policy Anchor
Low-quality Off-policy Anchor

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Va
lu

e 
of

 re
wa

rd
-a

sc
en

t c
om

po
ne

nt

(b) Both on-policy and off-policy samples.

Fig. 1: The optimization direction visualization, which represents the mean direction
pointing towards the proximity of positive samples and away from negative samples.

as a powerful fine-tuning paradigm [12, 26, 35, 43, 52, 59]. The predominant ap-
proach in this domain is on-policy RL, where the model is optimized using reward
signals derived from samples generated by its current policy [29, 42, 50, 52, 62].
Such self-referential learning mechanism provides a direct optimization signal.
More specifically, by ranking and learning from its own outputs, the model can
efficiently navigate the reward landscape within the neighborhood of its existing
capabilities.

However, this on-policy paradigm is fundamentally self-limiting. By confining
exploration strictly to the model’s own narrow capability distribution, it is prone
to two critical failure modes: (1) reward saturation, where the model quickly
overfits to the locally optimal samples in its generation space and ceases to
make further progress, and (2) mode collapse, a catastrophic drop in sample
quality as the model collapses to generating only low-quality samples and fails
to provide optimization direction towards high-quality samples. At its core, the
model lacks an external, objective frame of reference for quality, rendering its
understanding of performance self-referential purely defined by the rewards on
its own restricted trajectory.

To break this cycle of myopic self-improvement, we introduce Diffusion-
Compass, a novel framework that remoulds standard on-policy RL through the
integration of off-policy quality anchoring. Our key insight is that the short-
comings of on-policy exploration can be effectively mitigated by grounding the
model’s policy updates in a stable, comprehensive understanding of quality de-
rived from a static dataset (i.e., off-policy samples). We visualize such motivation
in Figure 1, where the optimization direction derived solely from on-policy sam-
ples is only locally accurate yet globally inconsistent due to its narrow perspective
of the reward space (Figure 1a). In contrast, by incorporating both on-policy and
off-policy samples, the off-policy anchors function analogously to a “compass,”
providing a more globally oriented optimization direction, thereby significantly
accelerating the optimization process (Figure 1b). Technically, the on-policy
component in our DiffusionCompass employs DiffusionNFT [62] to derive op-
timization direction from the reward ranking of sample groups generated online.
The off-policy component complements this with a distribution-aware filtering
mechanism for adaptively weighting off-policy anchors w.r.t. their proximity to
the current policy, and a perceptually anchored reward for aligning on-policy
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samples with high-quality references to combat reward hacking. Furthermore, a
reward renormalization strategy provides a stable and globally-referenced base-
line for on-policy learning. This synergy balances the system: off-policy anchors
constrain the model from reward-hacking, while on-policy data prevents overfit-
ting to static distributions.

Our primary contribution is a unified training framework, DiffusionCom-
pass, that formally defines and implements this synergistic co-training through
a holistic objective integrating these novel components. We demonstrate that
the strategic integration of off-policy quality anchoring is not merely beneficial
but essential for stable and effective diffusion RL. Extensive experiments on im-
age and video generation tasks verify the effectiveness of our method, leading to
both higher final reward and significantly improved convergence speed compared
to strong on-policy baselines. By reconciling the exploratory drive of on-policy
RL with the stable grounding of off-policy data, DiffusionCompass establishes a
new paradigm for reliably fine-tuning generative models.

2 DiffusionCompass

This section presents the architecture of DiffusionCompass, our proposed frame-
work for robust diffusion model post-training. We begin with a primer on the
underlying flow matching models for visual generation. Next, we outline the
standard on-policy paradigm, implemented via DiffusionNFT [62], and elabo-
rate its inherent limitations. Our solution pivots to the strategic incorporation
of off-policy data, which serves as a quality anchor to mitigate reward overfit-
ting and prevent mode collapse. We conclude by formulating the holistic training
objective that unifies on-policy exploration with off-policy guidance.

2.1 Preliminaries: Flow Matching

Flow matching has emerged as a foundational framework for high-performance
visual generation [2,25,44,47], which transforms random noise into coherent data
through a deterministic process. This is achieved by constructing a probability
path from the data distribution x0 ∼ X0 to a noise distribution ϵ ∼ N (0, I).
The Rectified Flow paradigm [30] defines this path with a linear trajectory:

xt = (1− t)x0 + tϵ. (1)

The core learning target is the vector field v = ϵ−x0, which defines the determin-
istic ordinary differential equation (ODE) for sampling. A conditional diffusion
transformer (DiT) vθ(xt, t, c) is trained to approximate this field by minimizing
the regression objective:

LFM = Ex0,ϵ,t||v − vθ(xt, c)||22. (2)

Here, c denotes the conditional text prompt. By accurately estimating the ve-
locity field, the model can efficiently reverse the noising process to generate
high-quality samples.
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2.2 On-policy Self Exploration

While flow matching provides a powerful foundation for generative modeling
through the regression loss in Eq.(2), this objective is primarily employed dur-
ing pre-training to mimic the patterns of a pre-existing dataset. Consequently,
models optimized solely for this objective often converge to a conservative equi-
librium, producing technically coherent but aesthetically mediocre samples that
merely recapitulate the training distribution. To steer the model beyond this
plateau towards human-aligned objectives, we employ on-policy RL. This paradigm
uses a reward signal to guide the model’s self-exploration, pushing its policy to
exploit regions of its capability that yield higher-scoring outputs.

However, directly applying classical on-policy methods like DPO [42, 52] or
GRPO [29, 50] to diffusion models presents significant challenges. Their con-
vergence is often slow, primarily due to the difficulty of constructing a rigorous
probabilistic formulation for the multi-step sampling process. To circumvent this
issue, we adopt DiffusionNFT [62] as our on-policy optimizer. Its key advan-
tage lies in bypassing explicit probability modeling; instead, it directly leverages
online-generated positive and negative samples to optimize the vector field in flow
matching through a contrastive objective. This approach enables more efficient
use of reward signals for faster convergence and more stable policy improvement.

Technically, we maintain a dual-model architecture: a trainable network vθ

for policy updates and a snapshot network vsnap
θ , which is an Exponential Moving

Average of the trainable network, providing stable sample generation. Initially,
both networks are identically initialized. At each optimization step, we first use
the snapshot network vsnap

θ to generate a set of online samples, which are then
evaluated by a reward model to obtain rewards. The exploring network vθ is
subsequently optimized to align with the direction of policy improvement, as
guided by the reward signal. Specifically, we first define the policy update as:

∆vθ = vθ − vsnap
θ . (3)

Building upon the snapshot model as a starting point, we define a pair of vector
fields that represent policy deviations along the estimated update direction:

v+
θ := vsnap

θ + β∆vθ,

v−
θ := vsnap

θ − β∆vθ,
(4)

where v+
θ and v−

θ denote the policies shifted towards and away from the update
direction ∆vθ, respectively, and β is a scaling factor. The learning objective is
to align v+

θ with the vector field of high-reward samples while aligning v−
θ with

that of low-reward samples. This is formalized by the following loss function:

LON = E
[
p ∥v+

θ (xt, c)− v∥22 + (1− p) ∥v−
θ (xt, c)− v∥22

]
. (5)

Here, p ∈ [0, 1] represents the optimal probability, indicating how closely a sam-
ple x0 aligns with high reward. As proven in the original DiffusionNFT [62] work,
optimizing this objective maximizes the expected reward.
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In practice, since reward models output arbitrary scores rather than proba-
bilities, we approximate p by processing a group of on-policy samples Xon. Specif-
ically, we normalize the rewards within this group by subtracting the mean and
dividing by the standard deviation, clip the values to [−1, 1], and then rescale
them to the [0, 1] range:

p ≈ 1

2

(
clip

(
r(x0, c)− µXon

σXon

,−1, 1

)
+ 1

)
, (6)

where µXon and σXon are the mean and standard deviation of rewards over Xon.
This approach follows the reward normalization technique used in GRPO [19].

2.3 Off-policy Guidance

The on-policy paradigm offers a direct, capacity-aware learning signal, yet its
effectiveness is inherently constrained by a myopic, self-referential bias. Never-
theless, directly mixing off-policy samples with on-policy rollouts proves subop-
timal, as off-policy samples inherently deviate from the current model’s sam-
pling distribution, which is the core assumption underpinning on-policy RL. To
resolve this without disrupting on-policy dynamics, we introduce three comple-
mentary strategies that instead leverage off-policy data as quality anchors. First,
we selectively incorporate off-policy samples aligned with the current on-policy
distribution into the flow matching objective, weighting each by its distribu-
tional compatibility to filter out irrelevant examples. Second, to mitigate reward
hacking, we compute semantic similarity between on-policy samples and their
off-policy positive counterparts, up-weighting those that resemble high-quality
anchors to steer optimization toward reliable high-reward regions. Third, we
stabilize reward normalization by including off-policy rewards when estimating
optimal probability, ensuring that a sample receives high weight only if it ranks
favorably within both on-policy and off-policy sets for a given prompt. The re-
mainder of this section details how these mechanisms are operationalized within
our unified training framework.

(1) Distribution-Aware Off-Policy Loss. To mitigate the inherent limita-
tions of on-policy methods, the off-policy objective should possess the following
characteristics: 1. Straightforward: It bypasses complex policy optimization and
directly guides the exploring network to align with high-quality outputs while
diverging from low-quality ones. 2. Rational: Its rationality does not require off-
policy samples to be drawn from the current policy. To achieve this, we first
employ an offline model to generate N samples for each text prompt. The top
D% of these samples with the highest rewards form the positive set X+

off , while
the bottom D% constitute the negative set X−

off . This offline curation process
provides a stable and consistent quality benchmark, which is more reliable and
easier to learn from compared to the fluctuating on-policy samples.

For the positive samples, we directly minimize the distance between the pre-
dicted vector field vθ and the target vector field v . However, for negative sam-
ples, simply maximizing this distance could lead to training instability, as the
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distance is unbounded. Instead, inspired by concept-erasure techniques in diffu-
sion models [13,29], we guide the network to associate negative samples with null
prompts ∅ . Specifically, we encourage the predicted vector field under an empty
prompt vθ(xt, ∅) to approximate the vector field of negative samples. Leverag-
ing classifier-free guidance, this approach effectively reduces the likelihood of
generating low-quality samples during inference.

The aforementioned learning objective remains suboptimal, as it assigns
equal guidance strength to all off-policy positive and negative samples, regardless
of their relation to the current policy distribution. For positive samples, priori-
tizing high-quality instances far outside the current policy’s support can cause
large off-policy gradients and destabilize training. Instead, positive samples near
the current policy distribution are more informative and should be emphasized.
For negative samples, it is more meaningful to suppress those the policy is likely
to generate than to penalize already unlikely ones. Therefore, we introduce a
distribution-aware filtering mechanism. Specifically, for each off-policy sample,
we introduce an empirically effective approximate distance measure d to quantify
its distance from the current policy distribution:

d = sg(∥v − vθ∥22) (7)

where sg denotes the stop-gradient operation. Here, d serves as a more efficient
way to quantify the distance between an off-policy sample and the policy dis-
tribution. Subsequently, we introduce a soft-filtering weight w for both positive
and negative off-policy samples w = e−αd, which adjusts the off-policy guidance
strength in a distribution-aware manner, allowing for differential emphasis on
samples based on their proximity to the current policy distribution. Finally, the
off-policy loss is formulated as:

LOFF = E
x0∈X+

off
wx0∥v − vθ(xt, c)∥22 + E

x0∈X−
off

wx0∥v − vθ(xt, ∅)∥22. (8)

(2) Perceptual Anchored Reward. Reward models provide only a single,
and often biased, scalar reward. Such bias can mislead the policy optimization
process. When the model overfits to the specific weaknesses of the reward func-
tion instead of genuinely improving task performance, a phenomenon known as
reward hacking may occur. In contrast, off-policy positive data offer greater flex-
ibility: they can be manually curated to serve as a more comprehensive anchor
signal, emphasizing not only high reward scores but also high-quality outputs.
Therefore, we leverage off-policy positive data to encourage the policy model
to produce high-scoring samples that are perceptually similar to these strong
references, thus mitigating the risk of mode collapse. Specifically, we extract fea-
tures from the corresponding off-policy data and compute their similarity with
features extracted from the on-policy samples. The maximum similarity value is
then used as an auxiliary reward to refine the original reward signal.

Specifically, for sample x0, we calculate perceptual anchored reward:

rp(x0, t) = r(x0, t) · max
x̂∈Xoff

similarity
(
fx0 , fx̂

)
, (9)
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Fig. 2: The overall framework of DiffusionCompass. In each iteration: 1) The on-policy
flow (blue arrows) uses the snapshot model to generate samples, which are rewarded
and jointly normalized with off-policy samples to compute LON via reward renormal-
ization and the NFT objective. 2) The off-policy flow (red arrows) retrieves pre-
generated high- and low-quality samples to compute the anchoring loss LOFF. These
losses, together with a KL regularizer LKL, form the final objective L to update the
trainable model, whose weights are EMA-transferred to the snapshot model..
where fx0

and fx̂ denote the feature representations from the on-policy sample
x0 and off-policy reference samples x̂, respectively. The features are extracted
using DINOv2 [32] and averaged across frames on video data.

(3) Reward Renormalization. To establish a stable and globally referenced
reward baseline, we integrate off-policy samples into the normalization process.
Specifically, at each update step, we augment the on-policy sample group Xon
with a curated batch of off-policy samples Xoff sourced from external guidance
models. The reward normalization for estimating the optimal probability p is
then performed over this combined set:

p ≈ 1

2

(
clip

(
r(x0, c)− µXon∪Xoff

σXon∪Xoff

,−1, 1

)
+ 1

)
. (10)

This simple yet effective reward renormalization technique confers two key ad-
vantages: it stabilizes the reward signal by providing a consistent quality base-
line, which mitigates the variance from homogeneous on-policy groups, and it
naturally steers the model towards higher-quality outputs from the outset by
anchoring the reward distribution to include genuine positive examples.

2.4 Overall Framework

Figure 2 illustrates the overall framework of our proposed DiffusionCompass,
where the on-policy and off-policy data flows are depicted with blue and red
arrows, respectively. In each iteration, we first sample a prompt from the prompt
set. The snapshot transformer is then used to generate a group of on-policy
samples Xon, while a corresponding set of off-policy samples Xoff is retrieved from
a pre-generated offline collection. All samples are evaluated by the reward model
to obtain their reward signals. The overall training objective combines three key
components: the on-policy loss LON that drives policy improvement, the off-
policy loss LOFF that provides quality anchoring, and a KL-divergence loss LKL
that constrains the exploring network from deviating too far from the frozen
initial network, thereby ensuring training stability. The complete optimization
objective of DiffusionCompass is formulated as:

L = λ1LON + λ2LOFF + λ3LKL, (11)
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where λ1, λ2, and λ3 are trade-off parameters that balance the contributions of
the respective components.

2.5 Speed-up by Dynamic Sampling

A significant bottleneck in standard on-policy fine-tuning for diffusion models is
the substantial computational overhead of generating samples during training.
Given the multi-step nature of the diffusion process, producing a single video
can take several minutes, rendering iterative on-policy exploration prohibitively
slow. To mitigate this, we propose a Dynamic Sampling strategy that dras-
tically accelerates training by generating low-fidelity “snapshots” for on-policy
evaluation, rather than full-quality samples.

Conventionally, such aggressive down-sampling in resolution and frame rate
would severely degrade the training signal. However, within our framework, the
high-quality, static off-policy corpus provides a stable and comprehensive anchor
for visual quality and temporal coherence. This allows the on-policy component
to focus on efficient exploration using these lightweight snapshots, without col-
lapsing to low-quality modes. Specifically, we employ distinct sampling strategies
for different reward types:

(1) Space-related Reward. For rewards evaluating spatial quality (e.g.,
aesthetics, fidelity), we generate on-policy samples using single-frame sampling.
This provides a sufficient signal for spatial attributes while dramatically reducing
sampling time and training overhead.

(2) Time-related Reward. For rewards evaluating temporal dynamics (e.g.,
motion coherence), we generate on-policy samples at a low spatial resolution and
a high frame number. This strategy effectively strengthens the model’s generative
capacity at higher frame rates, improving attributes like background consistency
and motion smoothness, but at a fraction of the computational cost.

3 Related Work and Discussion

Our work sits at the intersection of diffusion model fine-tuning and reinforcement
learning. We contextualize DiffusionCompass by relating it to three key areas.

Fine-Tuning for Diffusion Models. A primary goal in generative model-
ing is to align pre-trained diffusion models with nuanced, often non-differentiable,
objectives. Early approaches largely fall into two categories. Training-free meth-
ods [55], such as classifier-free guidance [13, 21, 37, 40] or direct noise optimiza-
tion [41], adjust the sampling process without updating model weights. Alter-
natively, supervised fine-tuning methods, including continued training [16, 36]
or direct reward regression [8, 10, 35], adapt the model parameters on curated
datasets. However, these methods are fundamentally constrained by the quality
and diversity of the static dataset, often leading to overfitting and a limited
exploration of the reward landscape.

Reinforcement learning has emerged as a powerful paradigm to overcome
these limitations, enabling direct optimization of complex reward functions. Dif-
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fusionCompass follows this direction but critically addresses the core instability
of existing on-policy RL methods by integrating a stable, off-policy data anchor.

Reinforcement Learning for LLMs. The success of RL in aligning Large
Language Models (LLMs) with human preferences provides a valuable blueprint
for generative models. Policy gradient algorithms, progressing from PPO [39]
to more efficient methods like GRPO [19] and DAPO [57], have demonstrated
significant improvements. A key insight emerging from recent LLM research is
the inherent limitation of purely on-policy learning, which can trap the model
within its own current policy distribution, leading to slow progress and mode
collapse [48, 51, 58]. This has spurred the development of off-policy guidance
techniques to improve sample training stability.

Our work is grounded in a parallel observation for diffusion models: exclusive
reliance on on-policy data induces a myopic self-improvement loop. Diffusion-
Compass translates the conceptual solution of off-policy guidance from the LLM
domain to the unique challenges of diffusion model fine-tuning, establishing a
synergistic training objective that balances exploration with quality anchoring.

Reinforcement Learning for Diffusion Models. The application of RL
to diffusion models is an active area of research. Existing methods can be broadly
categorized into reward-weighted regression [15, 26], direct preference optimiza-
tion [42, 52] and its variants [18, 28], and PPO-based policy gradients [1, 12]. A
recent and influential trend involves adapting the GRPO framework from LLMs
to diffusion models, often by reformulating the deterministic ODE sampler into
a stochastic SDE process to define a policy [27,29,50]. While these methods show
promise, their tight coupling with the SDE sampler can compromise sampling
efficiency and final output quality. DiffusionNFT [62] addresses this by align-
ing the RL objective more closely with the standard flow-matching loss, leading
to faster convergence. However, as an on-policy method, it remains susceptible
to the fundamental issues of reward overfitting, training instability, and high
computational cost for online sample generation, which are acutely magnified in
resource-intensive domains like video generation.

DiffusionCompass directly builds upon and extends this line of work. We
adopt the efficient on-policy learning but fundamentally augment it with a static
off-policy corpus. This integration mitigates the instability and myopia of pure
on-policy learning, prevents mode collapse, and, through dynamic sampling of
on-policy data, dramatically reduces training costs without sacrificing final per-
formance. Our work demonstrates that the strategic inclusion of off-policy guid-
ance is a critical next step for stable and scalable diffusion RL.

4 Experiments

4.1 Task and Dataset.

Image Synthesis. We follow established protocols to assess the enhancement
of image flow-matching models on three critical tasks: (1) Compositional Im-
age Generation, benchmarked on GenEval [17]; (2) Visual Text Rendering,
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measured via PaddleOCR [9] for OCR accuracy; (3) Human Preference Align-
ment, evaluated using the human preference metric PickScore [24]. As noted in
the previous work [29], tasks (1) and (2) often lead to image quality degradation
during fine-tuning, while task (3) frequently suffers from a loss of diversity. Our
experiments systematically analyze these trade-offs to validate the robustness of
our method.
Video Synthesis. For video generation, we employ the comprehensive VBench
benchmark [22], which evaluates models across 16 distinct dimensions. These
dimensions can be categorized into three groups: (1) Spatial Quality (e.g., aes-
thetics, object generation, spatial relationships); (2) Temporal Dynamics (e.g.,
object/background consistency, motion degree); (3) Semantic Quality (e.g., hu-
man action accuracy). To the best of our knowledge, there has been no prior
work that directly leverages the full VBench metrics, a highly complex multi-
reward framework, as reward models for post-training video generation systems.
This presents a substantial challenge, which our proposed method is specifically
designed to alleviate.

4.2 Implementation Details

Our DiffusionCompass is built upon the Diffusers library [34] in Python. Unless
otherwise specified, our implementation follows the major design elements and
experimental protocols of FlowGRPO and DiffusionNFT within the Diffusers
library [34] to guarantee a fair comparison.

Architectures. For image generation, we use SD3.5-Medium at a resolution
of 512 × 512 as the base model and Qwen-Image [47] as the off-policy model.
For video generation, we build upon Wan2.1-1.3B at 480p resolution as the base
model and Wan2.1-14B as off-policy model.

Training Configuration. For image tasks, we align with standard prac-
tices by fine-tuning the pre-trained model using LoRA with a rank r = 32 and
scaling parameter α = 64. The parameters of the Lora are optimized by AdamW
optimizer with a fixed learning rate of 3 × 10−4. We adopt the loss weights λ1

= 1, λ2 = 0.1, and λ3 = 1 × 10−4. The online samples are generated with 10
sampling steps but evaluated with 40 steps for final assessment. For video tasks,
the rollout sampling steps are set to 20, while evaluation remains at 40 steps.

4.3 Evaluation Metrics

Beyond the task-specific metrics (GenEval, OCR accuracy, PickScore, VBench),
we introduce several general-purpose metrics to comprehensively quantify model
performance, with a particular focus on generalization and the mitigation of re-
ward hacking: Aesthetic Score [38]: Assesses the overall visual quality. CLIP-
Score [20]: Measures the semantic alignment between text prompts and gen-
erated images. Group SSIM [45]: Estimates the structural similarity within a
group of images generated from the same prompt; a higher value indicates lower
diversity. Vendi Score [14]: Evaluates the diversity of the generated image dis-
tribution; a higher score indicates greater diversity.
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Table 1: Overall performance comparisons across multiple benchmarks.The best scores
are in bold, and the second-best scores are underlined.

(a) GenEval benchmark.

Model Iter Overall Single Obj. Two Obj. Counting Colors Position Attr. Bind

FLUX.1-Dev [2] - 0.66 0.98 0.81 0.74 0.79 0.22 0.45
SD3.5-L [11] - 0.71 0.98 0.89 0.73 0.83 0.34 0.47

Janus-Pro-7B [5] - 0.80 0.99 0.89 0.59 0.90 0.79 0.66
GPT-4o [23] - 0.84 0.99 0.92 0.85 0.92 0.75 0.61

Qwen-Image [47] - 0.91 1.00 0.95 0.93 0.92 0.87 0.83

SD3.5-M [11] - 0.63 0.98 0.78 0.50 0.81 0.24 0.52
FlowGRPO [29] 5K 0.95 1.00 1.00 0.95 0.91 0.94 0.87

DiffusionNFT [62] 1K 0.95 1.00 1.00 0.97 0.92 0.97 0.83

DiffusionCompass 1K 0.97 1.00 1.00 0.97 0.93 0.99 0.91

(b) OCR benchmark.
Model GPU hours OCR

SD3.5-M - 0.55

FlowGRPO
(with CFG) 600 0.915

DiffusionNFT
with CFG 64 0.937

DiffusionNFT
w/o CFG 64 0.970

DiffusionCompass
with CFG 64 0.965

DiffusionCompass
w/o CFG 64 0.975

(c) PickScore.

Model PickScore

FlowGRPO 23.4
DiffusionNFT 23.7

DiffusionCompass 23.8

(d) Out-of-domain on OCR.

In-domain Image Qual.Text Align.
Model OCR Aesthetic ClipScore

DiffusionNFT 0.970 4.45 0.280
DiffusionCompass 0.975 5.00 0.306

(e) Out-of-domain on PickScore.

In-domainAes. Clip Group
SSIM ↓ Pixel

Vendi
Incep.
VendiModel PickScore

DiffusionNFT 23.7 6.13 0.270 0.324 1.46 2.01
DiffusionCompass 23.8 6.130.285 0.262 1.87 2.45

FlowGRPO DiffusionNFT DiffusionCompass

A photo of four 

baseball gloves

A photo of a cow 

and a horse

A photo of a 

parking meter

An epic angel dressed in blue with white wings

DiffusionNFT DiffusionCompass

(a) (b)

Fig. 3: Qualitative Comparisons on (a) GenEval and (b) PickScore benchmark.

4.4 Performance Comparisons and Analysis

Evaluation on Compositional Image Generation. As summarized in Ta-
ble 1a, DiffusionCompass achieves the best overall performance on the GenEval
compositional image generation benchmark. Specifically, it attains an overall
score of 0.97, outperforming both FlowGRPO and DiffusionNFT (each scor-
ing 0.95) while requiring only 1K training iterations, one-fifth of FlowGRPO’s
5K. This result also surpasses our off-policy baseline Qwen-Image (0.91), under-
scoring the effectiveness of our hybrid on-policy and off-policy strategy. Visual
comparisons in Figure 3 further illustrate these advantages. Unlike competing
approaches that often sacrifice semantic alignment or fall prey to reward hack-
ing (manifesting as repetitive patterns or monotonous backgrounds), Diffusion-
Compass maintains high image-text consistency without compromising aesthetic
quality. This success indicates the necessity of off-policy guidance as a safeguard
against over-optimization, thereby enhancing generalization in image synthesis.

Evaluation on Visual Text Rendering and Human Preference Align-
ment. As shown in Table 1b, our method demonstrates consistent advantages on
the text rendering benchmark (OCR): DiffusionCompass achieves higher OCR
reward than both FlowGRPO and DiffusionNFT, with and without CFG, while
requiring only 64 GPU hours for training, significantly less than FlowGRPO’s
600 GPU hours. Visual results in Figure 4 depict that DiffusionCompass gener-
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Table 2: Performance comparisons with state-of-the-art text-to-video generation mod-
els on VBench benchmark. There are 16 dimensions in total, including Subject Consis-
tency (SC), Background Consistency (BC), Temporal Flickering (TF), Motion Smooth-
ness(MS), Dynamic Degree (DD), Aesthetic Quality (AQ), Imaging Quality (IQ), Ob-
ject Class (OC), Multiple Objects (MO), Human Action(HA), Color (C), Spatial Re-
lationship (SR), Scene (S), Appearance Style (AS), Temporal Style (TS), Overall Con-
sistency (OC’). RP: Refined prompt proposed in Wan2.1 [44].
Methods Iter Total SC BC TF MS DD AQ IQ OC MO HA C SR S AS TS OC’

Open-Sora-2.0 [33] - 81.71 98.75 98.00 99.40 99.49 20.74 64.33 65.62 94.50 77.72 95.40 85.98 76.18 52.71 22.98 25.91 27.57
CogVideoX-5B [53] - 81.91 96.45 96.71 98.97 97.20 69.51 61.88 63.33 85.07 63.94 98.60 83.03 68.91 51.96 24.98 25.42 27.65
CogVideoX1.5-5B [53] - 82.01 96.56 96.81 98.53 98.15 56.16 62.07 65.34 83.42 67.28 97.60 88.40 79.43 53.28 24.68 25.42 27.42
Hunyuan Video [25] - 83.43 97.22 97.60 99.39 99.05 71.94 60.28 67.24 83.48 66.71 94.40 89.79 72.13 54.46 22.21 24.52 26.95
CausVid [56] - 83.88 98.09 97.41 96.89 97.81 80.60 64.70 69.67 92.80 71.68 99.80 80.34 64.77 55.84 24.18 25.29 27.53

Wan2.1-1.3B [44] - 78.90 93.58 95.95 99.19 96.88 79.86 59.06 63.61 77.81 48.06 77.50 78.66 70.41 20.06 20.44 22.60 23.06
Wan2.1-1.3B [44]+RP - 81.23 93.68 97.20 99.24 98.24 59.72 63.88 64.45 90.98 71.49 87.00 79.09 73.99 46.22 20.42 23.76 25.65
Wan2.1-14B [44]+RP - 83.69 97.52 98.0999.46 98.30 64.46 66.07 69.43 86.28 69.58 95.40 88.59 75.39 45.75 22.64 23.19 25.91

DiffusionNFT(1.3B)+RP 320 83.52 92.29 97.37 99.15 98.31 72.22 65.10 69.11 95.97 84.45 92.00 89.05 81.42 49.71 20.42 23.11 25.89

ours (1.3B) 320 82.53 95.04 94.80 99.10 97.65 91.67 61.38 67.39 87.58 70.20 84.00 88.77 80.86 29.72 21.21 24.00 24.84
ours (1.3B)+RP 320 85.00 94.26 96.95 99.35 98.41 81.94 66.28 70.7196.84 88.41 90.00 88.01 86.48 50.36 20.19 23.87 26.16
ours (14B)+RP 160 87.16 95.74 97.43 99.37 98.72 84.44 68.82 70.43 96.76 93.13 97.40 93.5891.7866.74 23.01 25.21 26.90

DiffusionNFT DiffusionCompassFlowGRPO

A realistic photograph of a university 

lecture hall, with a large screen 

displaying a slide titled "Introduction 

to AI ". Students are seated, 

attentively looking at the screen, 

while a professor stands beside it, 

pointing to key points on the slide.

Fig. 4: Qualitative Comparisons on OCR benchmark.

ates more accurate and legible text renderings. A similar trend is observed for
human preference alignment in Table 1c. While PickScore optimization appears
saturated, DiffusionCompass (23.8) still outperforms both FlowGRPO (23.4)
and DiffusionNFT (23.7). More importantly, qualitative results in Fig. 3 reveal
a stark contrast in generalization: DiffusionNFT suffers from severe mode col-
lapse, generating nearly identical images across random seeds due to reward
over-optimization. In contrast, DiffusionCompass maintains superior diversity
without compromising performance, indicating robustness against such collapse.

Evaluation on Out-of-domain Performance. Tables 1d and 1e illustrate
that DiffusionCompass leads to a superior balance between reward maximiza-
tion and generalization. In the OCR task, it surpasses DiffusionNFT in both
image quality (5.00 vs. 4.45) and text alignment (0.306 vs. 0.280). Moreover,
for the PickScore task, our method exhibits robust diversity preservation while
maintaining high reward performance. Notably, DiffusionCompass significantly
outperforms the baseline on diversity indicators, as evidenced by a lower Group
SSIM (0.262 vs. 0.324) and improved Pixel Vendi scores (1.87 vs. 1.46). Such per-
formance underscores its ability to circumvent the mode collapse that typically
plagues baseline models.

Evaluation on Comprehensive Video Generation. As shown in Table 2,
DiffusionCompass obtains steady performance improvement on the VBench bench-
mark throughout training. After post-training, the total score of Wan1.3B with
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Fig. 5: Qualitative Comparisons on VBench benchmark.

Table 3: Ablation studies on OCR benchmark for (a) each designs in DiffusionCom-
pass; (b) the mixed strategy; (c) sensitivity to λ2; (d) sensitivity to α.

(a)

Reward Anch. Anch. Dist. GPUh OCR Aes. ClipRenorm Reward Loss Filter

- - - - 64 0.970 4.45 0.280
✓ - - - 56 0.969 4.48 0.282
✓ ✓ - - 56 0.963 5.03 0.309
✓ - ✓ - 64 0.974 4.66 0.298
✓ ✓ ✓ - 64 0.972 4.88 0.302
✓ ✓ ✓ ✓ 64 0.975 5.00 0.306

(b)

Model OCR

SD3.5-M 0.550
SD3.5-M + Off-policy RL 0.836
SD3.5-M + On-policy RL 0.970

DiffusionCompass 0.975

(c)

λ2 0.001 0.01 0.1 0.5

GenEval 0.96 0.97 0.97 0.92
OCR 0.970 0.975 0.975 0.959

(d)

α 1 10 100 1000

GenEval 0.94 0.97 0.97 0.94
OCR 0.959 0.975 0.975 0.961

refined prompts increases from 81.23 to 85.00, surpassing not only its 14B-
parameter counterpart (83.69) but also other state-of-the-art models like CausVid
and HunyuanVideo. This is particularly notable as VBench integrates 16 dis-
tinct evaluation dimensions, making direct improvement highly challenging. Cer-
tain metrics, such as dynamic degree, are especially prone to reward hacking,
which might degrade video quality or cause training collapse. Nevertheless, our
method enables consistent gains across most metrics, proving robustness under
multi-reward optimization. In addition, DiffusionCompass with 14B parameters
reaches 87.16, demonstrating the scalability of our approach. Qualitative re-
sults in Figure 5 confirm these improvements, showing enhanced text alignment,
improved adherence to style instructions, naturalness of human actions, motion
dynamics, and spatial consistency with the prompt compared to the base model.

4.5 Ablation Studies

Additional robustness and generalization. We further validate the robust-
ness of DiffusionCompass from three aspects. (1) For the anchor source in Ta-
ble 4a, replacing Qwen-Image with Flux only slightly changes aesthetic quality,
while using SD3.5-M’s own initial samples as anchors still achieves an OCR score
of 0.973, close to 0.975 with Qwen-Image. This self-anchoring setting removes
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Table 4: Additional robustness and generalization studies for (a) off-policy models; (b)
OCR performance based on FlowGRPO; (c) additional evaluations on ImageReward
(IR) and VideoOCR (VO) .

(a)

Anchor OCR Aes.

SD3.5-M 0.973 4.92
Flux 0.973 4.94
Qwen-Image 0.975 5.00

(b)

Method OCR Aes. Clip

FlowGRPO 0.915 5.04 0.310
+ Ours 0.939 5.08 0.320

(c)

Method IR VO

DiffusionNFT 1.64 0.412
Ours 1.70 0.433

the possibility of simply distilling a stronger model, suggesting that the key fac-
tor is the relative quality contrast provided by off-policy anchors rather than
the absolute strength of the anchor generator. (2) For the on-policy learner in
Table 4b, we evaluate a stricter on-policy backbone, FlowGRPO, where samples
are generated from the active policy rather than from an EMA snapshot as in
DiffusionNFT. Incorporating our off-policy anchoring improves OCR from 0.915
to 0.939, while also increasing aesthetics from 5.04 to 5.08 and ClipScore from
0.310 to 0.320. These consistent gains indicate that DiffusionCompass is not
a method-specific patch for DiffusionNFT, but a general mechanism that can
complement different on-policy diffusion RL objectives. (3) For the evaluation
scope in Table 4c, the improvements in ImageReward [49] from 1.64 to 1.70 and
in VideoOCR from 0.412 to 0.433 show that the off-policy anchor helps both
perceptual preference alignment and video text rendering. Overall, these studies
support the view that off-policy quality anchoring serves as a reusable stabilizing
signal: it is robust to anchor source, compatible with different on-policy learners,
and beneficial across multiple reward dimensions.

Effect of designs of DiffusionCompass. We analyze the impact of each
component in DiffusionCompass on the Visual Text Rendering task (Table 3a).
Reward renormalization alone prevents training failures caused by reward ho-
mogenization, reducing training time while maintaining performance. Adding
anchored reward steers the model towards high-quality samples, boosting out-
of-domain performance. The anchoring loss further refines this effect by ensur-
ing the model moves closer to high-quality samples, improving both in-domain
and out-of-domain results. Finally, distribution filtering accounts for policy mis-
match, delivering the best overall performance with the highest OCR (0.975),
Aes. (5.00), and ClipScore (0.306). Each component contributes to better align-
ment with the optimal policy. We further evaluate hyperparameter sensitivity in
Tables 3c and 3d. DiffusionCompass remains stable across practical ranges of the
off-policy loss weight λ2 and the distribution-filtering strength α, with the best
OCR and GenEval scores obtained around λ2 ∈ {0.01, 0.1} and α ∈ {10, 100}.

Effect of Mixed Policy Strategy. As shown in Table 3b, we compare
DiffusionCompass against single-policy variants (pure on-policy or off-policy) on
the OCR benchmark. While each individual policy improves reward, the mixed
strategy in DiffusionCompass yields the highest performance, demonstrating the
complementary benefits of combining both policies.

Convergence Speed with Off-Policy Anchors. Table 5a illustrates the
effect of incorporating varying numbers of off-policy samples (n per prompt)
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Table 5: Ablation studies on (a) convergence across OCR steps (n: off-policy samples
per prompt); (b) dynamic sampling on VBench spatial relationship.

(a)

Method \Step 0 8 16 24 32 40 48 56

Only On-policy 0.412 0.484 0.640 0.832 0.938 0.947 0.980 0.976

+ Off-policy (n=2) 0.412 0.495 0.663 0.826 0.941 0.946 0.979 0.975
+ Off-policy (n=4) 0.412 0.723 0.900 0.930 0.968 0.952 0.977 0.977
+ Off-policy (n=6) 0.412 0.795 0.957 0.973 0.986 0.983 0.983 0.977

(b)

Model GPU hours Spatial relation.

Wan2.1-1.3B - 73.99

DiffusionCompass
w/o dynamic sampling 120 77.40

DiffusionCompass
with dynamic sampling 60 86.45

on convergence speed. Using only two samples shows slight improvement over
pure on-policy training, as such a small set provides insufficient signal for reli-
able quality assessment. In contrast, including four or more samples significantly
accelerates convergence, confirming the value of off-policy guidance.

Role of Dynamic Sampling. Dynamic sampling is essential for efficient
video generation. Ablation results in Table 5b on spatial relationship reward
(VBench) indicate that removing this component markedly slows training speed
and degrades performance under a fixed runtime budget.

Fairness Consideration. Given the significant computational disparity be-
tween on-policy and off-policy training, where each off-policy step requires ap-
proximately 10% the time of an on-policy iteration, we normalize iteration counts
to ensure fair convergence comparisons. Specifically, we equate ten off-policy it-
erations to one on-policy iteration, and apply this conversion when reporting
total iterations for our mixed-policy approach.

5 Conclusion

In this work, we proposed DiffusionCompass, a unified framework that strate-
gically augments on-policy exploration with off-policy quality anchoring. Our
method establishes a synergistic dual objective where the model simultane-
ously explores the reward landscape through its own generated samples and
is grounded by a stable benchmark of pre-curated high-quality and low-quality
examples. Extensive experiments on text-to-image and text-to-video generation
tasks verify that DiffusionCompass achieves superior performance while show-
ing higher convergence speed, demonstrating a more robust and effective path
for alignment. Furthermore, the integration of dynamic sampling indicates the
framework’s practical advantage in significantly accelerating training without
compromising final model quality. By providing a stable “compass” for naviga-
tion in the complex reward landscape, our work establishes a new paradigm for
reliable and efficient generative model fine-tuning. The principles of Diffusion-
Compass are model-agnostic, showing strong potential for application across a
wide range of generative tasks.
Acknowledgements. This work was supported by the Key Science & Technol-
ogy Project of Anhui Province No. 202523o09050002.
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